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* Machine learning solutions are complex and operationalizing them —
presents challenges not addressed in traditional software deployment. Extraction Management Tools

* The seminal paper "Hidden Technical Debt in Machine Learning

) _ Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
Systems. explalns ML models are onIy a small component of an ML by the small black box in the middle. The required surrounding infrastructure is vast and complex.

solution. (Figure 1) The components from Figure 1 can be
combined into three broad categories
described In detaill below.

From: Sculley, D. et al., “Hidden Technical Debt in Machine Learning Systems.” NIPS 2015

* Unlike traditional software, ML models are automatically created from
training data. Thus the data Is port of the application and the rules are
often not explainable. (Figure 2)
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*  Experiment Tracking The power of an MLOps platform comes from the ability to
. Monitoring for

| automate and track the orchestration of machine learning
. Computatlonal performance solutions through pipelines. Pipelines can be run
e Data drift iIndependently or fed into other pipelines. They provide

*  Numerical stability of models modularity that decouples tasks and allows for improvements

*  Degradation of predictions in smaller more manageable incremental tasks. The ability to
. I\/Ianaglng infrastructure track processes through versioning provides repeatability and
. Security knowledge transfer.
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